Furthermore, in the gold price modeling, the highest sensitivity is obtained from silver price while demand for gold is more a function of market index and inflation rate. The proposed method can be used in many SA applications.
INTRODUCTION
n economic time series is a sequence of successive measurements of an economic activity obtained at regular time intervals (hourly, daily, weekly, monthly, quarterly or annually). It can include price sequence of a commodity or sequence of an economic index e.g. oil price, gold price and market index. In this framework, there is a critical issue considered by researchers and economic analyzers and related to the sensitivity analysis (SA) of variables and determination of their importance [1] . SA determines the relationship between the economic parameters and can help economic managers with decision making in economic problems. In the literature, there are two approaches for SA methods including local and global methods [2] [3] [4] [5] [6] . Local or one-factor-at-a-time methods are limited to examining the effects of variations in input parameters in the vicinity of their nominal values. Global SA methods define the contribution of A individual input parameters, including their sets, and provide more comprehensive information on the computational model regarding changes in input parameters throughout their domain [2, 4, 5, 6, 7, 8] .
Some mathematics-based SA methods have been proposed in this regards. For example, cosine amplitude method (CAM) has been applied by [9] in order to find the most sensitive parameters. Although, CAM and other mathematics-based SA methods applied in [11] [12] [13] [14] [15] can be used for economic time series, they cannot consider the behavioral similarities of parameters. They do not consider the interactions among the parameters [7] . So they cannot be a proper method in the case of economic variables. On the other side, learning-based SA methods [9, 10] can learn the interactions among the economic parameters and consequently they can better assess the influence of parameters on the output of an economic model. For example, in [10] , an artificial neural network (ANN) has been applied for SA. In contrast to mathematical methods, ANNs can learn the nonlinear behaviour and hence they can show better results in SA. In [3] , [12] and [13] The paper is organized as follows, a short review on ANFIS is presented in Section 2. The fuzzy SA (FSA)
is proposed in Section 3. Then it is evaluated in Section 4 and conclusions are drawn in Section 5.
ANFIS
The architecture of Sugeno-type ANFIS [31, 32] presented in Fig. 1 includes the following five layers; fuzzifier, production, normalized, defuzzy, and output layer. Through these layers the output of ANFIS is determined. Fig. 1 shows 2 inputs single-output architecture as an example. Fig. 2 shows its inference mechanism. This example includes two linguistic rules as follows: 
THE PROPOSED FUZZY SENSITIVITY ANALYZER
In this section, we propose a novel method based on ANFIS to identify the most sensitive factors affecting price and demand.
In contrast to mathematical methods, proposed methods named fuzzy SA (FSA) consider the behavioral similarity of variables. FSA is based on the behaviour learning and can extract the most affecting independent parameters from input variables.
Let EV be the set of economic parameters under consideration (Tables 1 and 2 
In the algorithm, function sum(x) returns the sum of values of the array x. In Algorithm 1, EV i should be defined for every economic time series. 4. NUMERICAL RESULTS Oil and gold markets play critical roles in other large commodity markets and their SA are very important [38] [39] [40] [41] [42] [43] . In this section we use oil and gold time series to assess the proposed FSA. According to the algorithm 1, the result of the FSA is dependent on the prediction results of ANFIS model on these time series. The prediction results of ANFIS for proce and demand functions of gold and oil are presented in Tables 3 and 4 . According to the comparative results, ANFIS can provide more accurate prediction. In this experiment, the inputs and outputs of ANFIS is determined according to the Table 1 . For example, in oil/gold demand prediction, inputs include Inf, Int, Opl, Gol, Sil, Dji, Din and Op at ith period, and the output of the model is Od (U.S. crude oil imports from OPEC) and Gd (Global gold demand). Also two or more previous values of output can be considered as input variables. In Table 2 , For oil demand learning, monthly datasets have been downloaded from http://tonto.eia.gov. And for gold demand learning, the quarterly datasets have been obtained from the source presented in Table 2 . Table 4 Comparative results of price prediction between ANN and ANFIS with proposed variables set To assess the proposed FSA, the trained ANFIS model with parameters provided in Table 1 is applied in Algorithm 1. Fig. 7 shows the final results of SA. The sensitivity value of a variable shows the relationship between the variable and output. For example, in oil price prediction, If the oil price has no relation with a variable like x , then the sensitivity(x) = 0, i.e. x does not affect directly on the oil price or it's not independent and highly correlated with another input variable. The largest value of sensitivity shows that variable is most sensitive factor affecting oil prices.
The importance of parameters on the oil price, oil demand, gold price and gold demand are shown in Fig. 7 .
According to the Fig.7 , the most effective parameters on the oil price are inflation rate and market index. Tables   Table 1. A set of parameters under consideration in Algorithm 1. Table 3 . The average error, RMSE and correlation comparisons between optimum ANN and in demand function estimation. Table 4 Comparative results of price prediction between ANN and ANFIS with proposed variables set. 
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